ABSTRACT The implementation of a multi-class brain-computer interface (BCI) is an efficient way to increase the information transfer rate (ITR) generally expressed in a unit of bits/trial. The improvement of ITR is of specific importance for near-infrared spectroscopy (NIRS)-BCI, because brain hemodynamic responses recorded by NIRS are much slower than the electrophysiological responses of the brain. In this paper, to implement a ternary NIRS-BCI with increased ITR, we used prefrontal cortex (PFC) hemodynamic changes induced by breath-holding (i.e., the voluntary suppression of breathing movements), which have never been used in the field of BCIs. Additionally, we used traditional BCI tasks such as mental arithmetic and idle state to implement ternary NIRS-BCI. As a result, an average offline ternary classification accuracy of 72.6±10.7% could be achieved, which is the best performance of NIRS-BCI based on PFC hemodynamic changes reported to date. Because the number of available input commands was increased and the classification accuracy remained at an acceptable level, the ITR of the ternary BCI (0.51 ± 0.29 bits/trial) was 1.6 times higher than that of the traditional binary BCI (0.31 ± 0.21 bits/trial). Although the hemodynamic changes induced by the breath-holding were not caused by mental state changes, breath-holding proved to be a promising hybrid BCI task for implementing more efficient ternary NIRS-BCI.
I. INTRODUCTION
Near-infrared spectroscopy (NIRS) is one of the most widely used modalities to implement brain-computer interfaces (BCIs), along with electroencephalography (EEG). Because NIRS is economical, relative to other brain imaging modalities, and less prone to contamination by physiological artifacts originating from the eyes and facial muscles than EEG, many NIRS-BCI studies have been reported recently [1] - [3] . Nevertheless, NIRS-BCI shows a relatively lower information transfer rate (ITR: bits/trial) than EEG-BCI because the brain hemodynamic responses recorded by NIRS are relatively slower than the electrophysiological responses of the brain. The easiest way to increase the ITR of NIRS-BCI is to increase the number of classes, while minimizing the loss of accuracy, because ITR is determined by both classification accuracy and the number of available commands. However, most NIRS-BCI studies have focused only on the development of binary BCIs. The main reason that multiclass NIRS-BCIs have not been elaborately studied relative to binary NIRS-BCIs is that complex channel configurations covering broad brain areas and subsequent time-consuming hair preparation process are generally required in order to implement effective multi-class NIRS-BCIs [4] . Therefore, one challenging issue for NIRS-BCIs is to increase the accuracy of multi-class NIRS-BCIs with small numbers of NIRS optodes covering limited brain areas (prefrontal areas that do not require hair preparation).
Recently, some studies proposed ternary NIRS-BCIs, demonstrating that ITR could be increased by effective ternary BCI paradigms [5] . In order to implement effective ternary BCIs, it is important to adopt intuitive tasks inducing highly reproducible and distinct brain responses. Typically, mental arithmetic (MA) and verbal fluency tasks can meet these requirements [4] , [6] - [8] . Although the MA is not commonly used for EEG-BCIs, many NIRS-BCI studies have verified the feasibility of MA as a robust BCI task [9] - [11] . NIRS-BCI studies using music imagery, 3D object rotation, and verbal fluency tasks have also been reported [12] - [15] .
In this study, as a new promising candidate for a BCI task, we considered breath-holding (BH), defined by the voluntary suppression of breathing movements, because BH task is intuitive and is expected to yield highly reproducible hemodynamic responses. To the best of our knowledge, BH has not previously been used as a BCI task in any NIRS-BCI study. In the present study, we aimed to implement the most effective ternary NIRS-BCI ever reported using prefrontal cortex (PFC) hemodynamic changes induced by BH, MA, and idle state (ID, a resting state without a specific thought).
II. MATERIALS AND METHODS

A. PARTICIPANTS
Thirteen healthy participants participated in this study (seven males and six females, aged 24.9 ± 2.8 years old). None of the participants reported neurological, psychiatric, or other brain-related diseases that might otherwise affect the results. All participants were informed of the experimental procedures and gave written consent prior to the experiment. They were financially reimbursed after finishing the experiment. This study was conducted according to the Declaration of Helsinki, and was approved by the institutional review board of Hanyang University.
B. DATA RECORDING
NIRS data were recorded in a confined room using a wearable NIRS device, NIRSIT (OBELAB, Seoul, Korea) at a sampling rate of 8.138 Hz. While no ambient light blocking was performed except for firm contact on a forehead, we confirmed that ambient light did not affect the NIRS data by confirming that channel quality (refer to eq. (1) in advance) is kept at an appropriate level before and during the experiments. NIRSIT captures depth-dependent hemodynamic changes in the PFC, because a number of NIRS channels can be configured with a variety of source-detector (SD) separations. However, in the current study, we used only FIGURE 1. Lattice arrangement of source-detector (SD) pairs (top) and corresponding NIRS channels (bottom). Red and blue circles indicate sources and detectors, respectively. The SD separation for each channel was 30 mm. Information for full SD arrangements and corresponding channels can be found in [30] .
typical lattice-arranged SD separations to measure hemodynamic changes, to fairly compare BCI performance with those of existing studies. Fig. 1 shows the SD arrangement and corresponding NIRS channels used for this study. Seventeen NIRS channels were configured with six sources and seven detectors, with an SD separation of 30 mm. Respiration signals were acquired using a piezoelectric respiration belt (Sleepsense 1387; SLP Inc., Elgin, IL, USA) fastened around the participant's abdominal region to confirm the active engagement of participants in the experiment. The respiration belt had a sensitivity of 200 µV/mm and was bandpass filtered at 0.1 and 70 Hz. Note that the respiration information was used only for checking the participants' engagement in the experiments.
C. EXPERIMENTAL PARADIGM
Participants were seated in an armchair 70 cm away from a 26-inch LCD monitor, and performed experimental tasks according to the instructions displayed on the screen. The experiment consisted of three sessions. A single session involved ten trials of three tasks each, for a total of 30 trials. During a session, the tasks were presented at random. After each session, participants took a short rest as needed. During the resting period, participants were allowed to speak or drink, but not to leave the seat or remove the NIRS device from their head. Fig. 2 presents a timing sequence for a single trial. Each trial was composed of exhalation, an introduction, the task, and an inter-trial rest period. During the exhalation period, participants exhaled for 3 s, regardless of which type of task was given, to minimize the effects of respiration on taskrelated hemodynamic changes. In the introduction period, participants were given either a random three-digit minus one-digit (between 6 and 9) problem (e.g. 225-8) for the MA, or a fixation cross for the ID. For the BH, participants inhaled slightly more deeply than normal. The task period started with a short beeping sound, while a fixation cross also appeared on the screen. Participants performed the given task while looking at the fixation cross. For the MA, participants repetitively subtracted the designated one-digit number from the results of the former calculation, as quickly as possible. For the ID, participants simply remained in a relaxed state, and for the BH, participants continued BH until the end of the task period. Participants were instructed not to breathe differently during MA and ID to minimize any possible influence of respiration on results. The task period finished with another short beeping sound, and a ''STOP'' message was displayed on the screen for 2 s. At the sound of the beep, participants immediately stopped performing the given task. For the MA, participants stopped their mental calculations, and for the BH, participants exhaled. For the ID, participants continued to maintain an idle state. During the following inter-trial rest period of 24-26 s, participants stayed the idle state regardless of the sort of the task performed previously.
D. PREPROCESSING
The raw data for light intensity were low-pass filtered at 0.5 Hz using a 6 th order zero-phase Butterworth filter to eliminate high frequency instrumental and surrounding noises. The channel quality was determined from the coefficient of variation (CV), defined based on the following criteria:
where E[·] and σ [·] denote the mean and standard deviation during a single session, respectively. I denotes the detected light intensity. Channels were rejected when a condition of either CV < 40 or I > 10 was not met. If a certain channel violated one of the above two criteria for any of the three sessions, the channel was not used in the subsequent analyses. Concentration changes in deoxy-and oxy-hemoglobin ( HbR and HbO) were calculated using the modified BeerLambert law [16] , [17] . Both types of chromophore data were band-pass filtered with a 6 th order zero-phase Butterworth filter, using cutoffs of 0.01 and 0.09 Hz to eliminate global systemic noise [18] . The respiration signal recorded by the respiration belt was normalized using a z-score, and a baseline correction was performed by subtracting the mean value for one second (−6 to −5 s) relative to the task onset (0 s).
E. CLASSIFICATION
Classification processes were run in offline mode. The filtered NIRS data were epoched from −5 to 35 s. Baseline corrections were performed by subtracting the mean value for one second (−4 to −3 s) before the task introduction period from each epoch. The feature vector was constructed using both the average HbR and HbO for three specific time periods (0-5, 5-10, and 10-15 s) measured at the remaining (not rejected) channels (dimension: 90 trials× [number of remaining channels×2 chromophores×3 intervals]). The number of remaining channels was individually different because of the participant-dependent channel quality. A 10×5-fold cross-validation was performed using a shrinkage linear discriminant analysis (sLDA). In each of 5-fold cross-validations, dataset was partitioned into 5 equal-size subsets. Classifier was trained using 4 subsets and tested using a remaining subset. This process was repeated 5 times until each different subset is tested once. For generalizing the classification result, multiple (10 in this study) 5-fold cross-validations were performed. Note that subset was randomly partitioned in each round. The sLDA is able to improve estimations of the covariance matrix and compensate for the loss of classification accuracy, when the dimensions of the feature vector are larger than the number of trials [19] .
F. INFORMATION TRANSFER RATE
ITR is a well-known metric to quantify the performance of BCI system [20] . ITR is computed using the number of available commands (N = 2 in this study) and classification accuracy (P), as follows:
III. EXPERIMENTAL RESULTS A. RESPIRATION Fig. 3 shows the average respiration signals for all participants. In the BH introduction period (−3 to 0 s), participants inhaled in preparation for the BH task. During the task period, the amplitude of the respiration signal gradually decreased, because of the decrease in abdominal circumference despite the BH. After the task period, participants exhaled deeply. For MA and ID, no difference in respiration signals was observed over time.
B. HEMODYNAMIC CHANGES
Figs. 4-6 show the average hemodynamic changes ( HbO) induced by MA, BH, and ID, respectively, after 10 s from the task onset. The HbOs measured from all NIRS channels were displayed. Note that because the results were averaged without considering bad channel rejection, hemodynamic changes measured in a few boundary channels might contain data contaminated by noise. Nevertheless, in Fig. 4 , decreases in HbO for centrally located channels and increases for surrounding channels are clearly observed. These results are in line with previous study results [21] . In Fig. 5 , a decrease in HbO across all channels is consistently observed. This is also in line with the results of the brain hypoxia test measured by NIRS [22] . In Fig. 6 , in contrast to Fig. 4 , increases in HbO for central channels and decreases for surrounding channels are observed, but there was large inter-individual variability because the participants performed the 'idling' task in his/her own way. Among Figs. 4-6, HbO changes from BH tasks were most prominent. Fig. 7 shows the individual and average offline classification accuracies over all participants, where error bars represent standard deviations. The red dotted line denotes the classification accuracy threshold for accomplishing effective binary BCI (70% classification accuracy) [23] . Red (MA vs. ID) and green (MA vs. BH) bar graphs represent the binary classification, while the blue bar graph represents the ternary classification. BH and ID were not classified separately because the BH task itself cannot be regarded as a pure mental task. Therefore, strictly speaking, this strategy (classification between BH and ID) might not be referred to as a BCI (please see the fourth paragraph of the discussion section). A Friedman test was performed to compare the three classification accuracies (i.e., MA vs. ID, MA vs. BH, and ternary classification), and we attempted to determine whether any difference among the three classification accuracies could be found. The calculated p-value was lower than 0.01 (p = 0.0016). Therefore, a Wilcoxon signed rank sum test with false discovery rate (FDR) correction was performed as a post-hoc analysis. The MA vs. BH classification accuracy (86.8 ± 9.3%) was significantly higher (FDR corrected p < 0.05) than the MA vs. ID classification accuracy (79.4 ± 10.1%). For the MA vs. ID classification, three participants achieved excellent classification accuracies (over 90%). However, for the MA vs. BH classification, six participants achieved excellent classification accuracies (over 90%).
C. CLASSIFICATION ACCURACY AND INFORMATION TRANSFER RATE
For the ternary classification, the average classification accuracy was greater than 70% (72.6 ± 10.7%), which has been regarded as a threshold for practical binary communication [23] . The ternary classification accuracy was not significantly different from the MA vs. ID classification accuracy (FDR corrected p = 0.068), while it was significantly different from the MA vs. BH binary classification accuracy (FDR corrected p < 0.001). Fig. 8 shows ITRs based on binary and ternary classification accuracies. The black dashed lines indicate the theoretical ITRs as functions of binary and ternary classification accuracies and error bars indicate standard deviations. The average ITR for MA vs. ID was 0.31 ± 0.21 bits/trial, while that for MA vs. BH was 0.49 ± 0.27 bits/trial. The ITR for the ternary classification reached 0.51 ± 0.29 bits/trial, which is 1.6 times larger than that for the binary classification of MA and ID, which has been the most widely used mental tasks for NIRS-BCI.
IV. DISCUSSION
In this study, we attempted to discriminate between three types of hemodynamic changes induced by MA, ID, and BH. In previous research [9] , [24] , MA vs. ID classification was performed at the average classification accuracy greater than 75%, using prefrontal hemodynamic changes. We discriminated between prefrontal hemodynamic changes induced by MA and BH, with an average accuracy of 86.8%. This result is 7.4% higher than the MA vs. ID classification accuracy of 79.4%. For ternary classification, we achieved a classification accuracy of 72.6 %, which is superior among NIRS-BCI studies, based only on the PFC hemodynamic changes reported to date. Some recent studies reported higher classification accuracy than that obtained in the present study; however, those studies used brain signals induced by actual movement (not motor imagery) or adopted other physiological signals such as electrooculogram and electromyogram [25] . It is obvious that the use of actual movement as a BCI task is not practical because major target subjects of BCI technology are those who lost controlled voluntary movement of the body. In addition, using other physiological signals requires additional recording devices, making it difficult to implement economical and easy-to-use BCI systems.
NIRS-BCIs based on mental tasks are specifically useful for augmentative and alternative communication (AAC) that offers replacement of verbal and gestural communication of patients who lost normal pathways of communication, e.g., patients with amyotrophic lateral sclerosis (ALS) or traumatic brainstem injury. For those who are in ''locked-in state'', even binary yes/no communication would enhance the overall quality of life. The patients might express their current health condition, mood, and satisfaction with the ambient environment by selecting one of two choices (e.g., good or bad). However, if the number of choices can be increased to three, the patients might even control the external environment using NIRS-BCI (e.g., raising, maintaining, or lowering patient's bedhead). Fig. 1 were employed for the analysis. Fig. 1 were employed for the analysis. Fig. 5 has a different color legend from those of Figs. 4 and 6 (the range is five times larger than the others). FIGURE 6. Average hemodynamic changes ( HbO) induced by ID after 10 s from the onset of the task. Numbers denote NIRS channel locations. The vertical color bar indicates the range in mmol/L. Note that 48 channel data were used only for visualizing topographical map, and 17 NIRS channels shown in Fig. 1 were employed for the analysis.
Moreover, one efficient way to increase ITR is to adopt a multi-class BCI. However, in previous studies, implementing an effective ternary BCI while maintaining practicability (e.g., using a headband-type portable NIRS covering PFC) was very challenging [5] , [26] - [28] . It was difficult to select three types of tasks that would induce highly reproducible and classifiable responses. In the present study, in addition to the previously well-known robust and (nearly) optimal pair of BCI tasks, MA and ID, we used BH, which had not previously been considered as a BCI task. The combination of MA, ID, and BH induced ternary classifiable hemodynamic changes and, as a result, we successfully implemented ternary BCI. Based on this, we were able to achieve the ITR that was 1.6 times higher than the ITR for the conventional binary BCI.
The BH task is effective, because it can be intuitively performed by anyone with normal breathing, and it does not rely on an exogenous paradigm. The induced hemodynamic changes are much clearer and more highly reproducible than the changes observed for any previously used BCI tasks [29] . However, it is a bit difficult to say that the hemodynamic changes from the BH task were caused by changes in participants' mental states. Therefore, it may be controversial to classify the BH task a sort of BCI tasks. In fact, hemodynamic changes related to respiration have been generally considered to be a sort of systemic noise that has to be removed in NIRS-BCI. Nevertheless, because our ternary NIRS-BCI paradigm includes the classification of two other mental states, MA and ID, in addition to BH, it might be regarded as a type of hybrid BCI that combines physiological and neuronal responses recorded from the PFC.
Because BH is a new task that has never been applied to NIRS-BCI, its practical applicability is still questionable. Because some of the main target subjects of NIRS-BCI are patients with severe paralysis, we investigated whether potential BCI users can actually perform BH tasks. We asked seven patients with ALS, whose average symptom severity score (ALS-FRS) was 33 out of 48, to hold their breath as long as they could. This experiment was conducted in the Department of Neurology at Hanyang University Hospital by an expert neurologist. The patients could hold their breath for an average duration of 18.57 s, which was much longer than the duration of the task period in our experiment. Although we found that some patients with ALS could potentially use our ternary NIRS-BCI paradigm, further investigations would be necessary to confirm whether the BH task could be used by patients in more severe states. In addition, the practicality of the proposed ternary BCI needs to be further verified by experiments using patients with severe paralysis. This is a promising topic we would like to pursue in the future. In addition, it would be necessary to investigate the potential influence of breath holding on users' health conditions or mood using some assessment methods such as questionnaires and electrocardiography to validate the feasibility of our approach for repeated use.
In our previous study, it was confirmed that classification accuracy can be improved by using multi-distance SD separation (rather than typical 30 mm SD separation) [30] . Task-related cortical hemodynamic changes at various depths contain depth-dependent task-related information. Utilizing this task-related information, classification accuracy can be further improved. By using multi-distance SD separation (details are not shown in this paper), we were able to improve ternary classification accuracy by up to 75.9 ± 10.5%. Additionally, the average classification accuracy for MA vs. ID was close to 90% (88.8 ± 9.0%). Taking this into consideration, multi-distance SD separation might also be a good way to improve the performance of ternary NIRS-BCI. It is expected that the ITR of our ternary NIRS-BCI classifying MA, BH, and ID would be further increased by using the NIRS device with multi-distance SD separation.
V. CONCLUSION
In the present study, we implemented a ternary NIRS-BCI using novel MA, BH, and ID tasks. Because of the highly reproducible responses induced by the BH, the classification accuracy was better than the accuracies reported in other related works thus far. As a result, the ITR was largely improved by increasing the number and accuracy of available commands. We hope our work can encourage studies on multi-class NIRS-BCI. 
